Abstract The variety of vision inspection systems for welding defects in the present manufacturing scenario is needed for overcoming certain limitations such as the problem of inaccuracy in the images, non-uniformed illumination, noise and deficient contrast, and confusion in defects if they occur in the same spot at the surface and subsurface. Hence, it is imperative to design a new vision inspection system which will enable to overcome the aforementioned problems in welding. A sophisticated new vision inspection system using machine vision has been developed for this study to identify and classify the surface defects of butt joint as per standard EN25817 in metal inert gas (MIG) welding. In this proposed vision system, images of welding surfaces are captured through a CCD camera. Four frames of sequence of images are obtained using four zones of LEDs using the front light illumination system in this method. From these images, the regions of interest are segmented and the average gray levels of the characteristic features of these images are calculated. The same process can be extended further to four zones (four quadrants) of four types of welded joints. Finally, welded joints can be classified into one of the four predefined ones based on the back-propagation neural network. The proposed system demonstrates an overall accuracy of 95% from the 80 real samples tested.
Introduction
Over the last four decades, the worldwide manufacturing markets have been facing heavy competition to produce cost-effective higher quality products. This has led to great advances in the technology required for automating production processes, but problems in inspection and quality control are yet to be fully resolved. Due to these gaps in the industry, there arises the necessity for active research in inspection and quality control. Inspection of the quality of weld is performed using various non-destructive tests. Though humans (experts) can do better than machines in many ways in the content of visual inspection and quality control, they get tired quickly and the process becomes slow. Human inspection of weld defects is a hard and difficult task when great numbers of welds are to be counted and inspected. Many inspection tasks are considered time-consuming and boring for humans to perform. It has been reported that human visual inspection is estimated to account for 10% or more of the total labor costs of manufactured products [1] . Moreover, human experts are difficult to find or to maintain their training, and their skills may take time to develop. Machine vision may effectively replace human inspection in such demanding cases. Nondestructive testing (NDT) is a branch of engineering concerned with the methods of detecting defects in objects without altering the object in any way. The reliable detection of weld defects is one of the most important tasks in nondestructive testing. Improvements in these methods are necessary because the human factor still has great influences on the evaluation. Welding is a major joining process used to fabricate many engineered artifacts and structures such as cars, ships, space shuttles, offshore drilling plate forms, and pipelines [2] . Shafeek et al. [1] introduced a novel automated vision system to detect and assess the welding defects of gas pipelines from radiographic films. This vision system, used to capture images for the radiographic films, can apply various image processing and computer vision algorithms to detect welding defects and calculate necessary information such as length, width, area, and perimeter of the defects. Shafeek et al. [3] developed another vision system which makes use of various image processing and computer vision algorithms applied to capture images of the radiographic films to recognize the defects and to make acceptance decisions according to international standards. This system was capable of identifying and testing the main types of welding defects in gas pipelines welded by shielded metal arc welding. They are used to capture single images for the radiographic films which are used to identify the subsurface defects only.
On the other hand, developments in image processing, computer vision, artificial intelligence, and other related fields have significantly improved the efficiency of visual inspection techniques. It was reported that about 60-90% of all existing machine vision applications were automated visual inspection. A feature is a value describing an object in a numerical form, and the selection of good features is critical to the success of any classification algorithm. Generally, 2D features are computationally simpler than 3Dfeatures [4] . Efficient techniques for solder joint inspection have been described using three layers of ring-shaped light-emitting diodes (LEDs) with different illumination angles; three frames of images were sequentially obtained, the regions segmented, and then the solder joints classified using a fuzzy membership function and neural network classifier [4] . Jagannathan [5] developed a new system for the intelligent machine vision inspection of wave solder joints. A modified intelligent histogram regarding technique was used that divides the gray level histogram of the captured images from a joint into different modes, and the neural networks was employed to identify and classify the defective solder joints. The back-propagation algorithm was employed to train the neural networks. After training, the neural network was employed to successfully identify and classify the defects of the welded joints. They used images captured with light sources of ring-shaped LEDs with different illumination angles in solder joints. In ringshaped LEDs, illuminations are focused in the center of the image. In welding images, the sizes of beads are not in circular shape and some informations about the welding beads are missed. Poor quality radiographic images have led to the development of various automatic defect detection algorithms that focus on extracting defects using various image segmentation methods [5] [6] [7] . Neural networks are used to improve the computational speed of the system for such activities as feature extraction and interpretation [6] . Two-dimensional images taken under controlled conditions of good lighting and low noise is the simplified strategy of industrial vision applications [8] . NDT is particularly important for critical applications where weld failure can be catastrophic, such as in pressure vessels, load-bearing structural members, and power plants [9] . Lashkia [10] proposed fuzzy reasoning to detect low-contrast defects using local image characteristics such as special contrast, special variance, and distance between two contrast regions. As the measurement system is optical, only the surface of the weld was mapped. A digitized radiographic image is often corrupted by non-uniform illumination, noise, and poor contrast [10] . The applied inspection criteria specified in the standards include the measurement of the height and crosssectional area of the weld together with detection of porosity density and undercuts [7] . Inspection of welds is important not only to ensure the integrity of the welded engineering artifacts but also to improve the fabrication process [11] . Da Silva et al. [12] also concluded that the lack of a high number of samples to increase the reliability of the classification is a common problem in the automatic interpretation of weld radiographs. Radiographic films usually have noise and deficient contrast due to intrinsic factors involved in the inspection technique, such as non-uniform illumination and the limited range of intensities of the image capture device [13] . Liao and Li [14] developed welding flaw detection based on the fitted line profiles of a weld image and successfully detected 93.33% of various defects from linear welds. Wang and Liao [15] used a set of parameters to classify six possible defects and obtained the highest accuracy of 92%. In this work, 108 data sets were used for training while 12 data sets were used for testing. However, the 12 test samples used for classifying six types of defects are considered small and the success rate for individual defect was not reported. Different types of methods that characterize a shape can be viewed from a different context, such as description-based boundaries and region, local and global shape characteristics, statistical or synthetic object description, object reconstruction ability, or incomplete shape recognition ability [16] .
The information capture from different viewpoints can reinforce the diagnosis when a single image is insufficient [17] . In tune with the trend, four zones of LEDs with different illumination angles are used to capture the weld joints. In this newly introduced vision system, 2D feature average gray values are extracted from the MIG welding joints and are classified using the back-propagation neural network as good weld, excess weld, insufficient weld, and no weld. In general, the calibration process is difficult to carry out in industrial environment due to vibrations and random movements that vary with time [17] . Therefore, any calibration process is not followed in this method. This paper is organized as follows: Section 2 represents the overview of the system. The experimentation functions are discussed in Section 3. Preprocessing of digitized image and feature extraction are discussed in Sections 4 and 5. Neural classifier is discussed in Section 6. The test results are presented in Section 7, followed by the conclusions.
System overview
The photograph of the overall inspection system is shown in Fig. 1 , A RAPID 1 V3.4 machine vision system is used to capture the images. Vision-based inspection systems are a set of new technologies for non-contact inspections and measurements. The instruments integrate a multitude of technologies including digital imaging, electronics, embedded systems, and software. The Rapid-1 V3.4, a vision-based metrology instrument, utilizes these cutting-edge technologies that enable doing precise inspections. Further innovative design and creative developments have led to a wide range of hardware and software capabilities that will enhance our ability not only to inspect manufactured parts but also in our design and development. Rapid-1 is capable of carrying out diverse measurement tasks including all basic 2D measurements, depth, and even threads parameters. Its primary advantage lies in its high-resolution optics combined with precision work stage and power software.
The quality of imaging cannot be changed if the hardware is not suitably designed [18] . Four zones of LEDs with different illumination angles and input camera are controlled by the host computer. Figure 2 shows the four zones of LEDs with different illumination angle positions. Full operations including image capturing and inspection software are executed in the host computer. Four frames of images are sequentially captured as four zones of LEDs are turned on, one after the other, as shown in the following figures.
Experimentation
The three main functions are carried out in this experimentation. First of all, different types of joints, like acceptable and unacceptable joints in the single V groove butt welding joint in the MIG welding process, have been prepared as per Standard EN 25817. A carbon steel plate (size, 80×20× 4 mm) is used as a parent material in this work. The voltage and current maintained during welding are 27 V and 260 Å. ER 70S6 with a 1.2-mm diameter electrode is used in this experiment. Carbon dioxide is supplied during the welding process, and standoff distance is maintained at 15 mm.
The second one is based on the values obtained for the various measurements; acceptance or non-acceptance of the weld will be decided in conformity with the EN 25817 acceptance levels for intermediate service conditions. Figure 3 depicts the different types of acceptable and unacceptable groove weld profiles in butt joint. Figure 3a shows the image of good weld, where h, b, and t denote the reinforcement height, width of the weld, and thickness of the workpiece, respectively. Good weld occurs when the reinforcement height (h) is h≤1 mm+0.15b, maximum of 7 mm, and also the under groove height is h 1 ≤0.1t, maximum of 1 mm. Figure 3b shows excessive reinforcement. When the reinforcement height (h) of the weld lies between 1 and 7 mm, then it is called as excessive reinforcement. Figure 3c shows insufficient weld. When the under groove height (h 1 ) lies between 0.1 and 1 mm, then it is called Figure 3d illustrates no weld. When the groove surface is not filled, then it is called no weld.
The types of welding defects to be inspected include defect-free welded joint (good weld), excess weld, insufficient weld, and no weld. Figure 4 shows the images of defect-free welded joint in four zones. Figure 4a -d shows the top left quadrant (zone 1), the top right quadrant (zone 2), the bottom left quadrant (zone 3), and the bottom right quadrant (zone 4) of the image of the defect-free welded joint, respectively. Figure 5 shows the images of excess weld in four zones. In Fig. 5a -d, shown are zones 1, 2, 3, and 4 of the four quadrants of images of excess weld, respectively. Figure 6 shows images of insufficient weld in four zones. Information about zones 1, 2, 3, and 4 of the four quadrants of images of insufficient welds are shown in Fig. 6a-d , respectively. Figure 7 shows the images of no weld in four zones. 
Preprocessing
Four frames of images sequentially captured as four zones of LEDs are turned on, one after the other. Image processing seeks to modify and prepare the pixel values of a digitized image to produce more suitable forms for subsequent operations. In this stage, the weld region must be isolated from the rest of the parent metals. Noise on images usually appears as randomly dispersed pixels having different values of intensity in relation to their nearest pixels. Low-pass filters are usually employed to remove the noise and extend the technique of fuzzy k-means clustering followed by the cropping mechanism. The ROI has been identified (Fig. 8) .
Feature extraction
A feature is a value describing an object in a numerical form; the selection of good features is critical to the success of any classification algorithm. Rather than directly using the raw data, some measures or descriptors are often selected, upon which the classes of the observed objects are determined by a classifier. These measures, commonly called features, form the feature space that is generally of a much lower dimension than the data space. The process of searching for internal structure in data items, that is, for features or properties of the data, is called feature extraction. The process of choosing desirable features from the initial set of candidates is called feature selection. The relevance of extracted features is determined either by trial and error or based on an automatic feature selection procedure [19] .
The extraction of desirable features is an extremely difficult task and is very much problem-dependent [9] . In order to distinguish welds from non-welds, features with discriminating capability must be identified [20] . In this process, 2D features are the average gray levels, and the percentages of highlights of I 1 , I 2 , I 3 , and I 4 are extracted from the digitized images of samples. The bitmap images are read and stored into an array variable. Then, true color images are converted into grayscale images. After this selection, a region of interest is cropped for further processing. Finally, average values of pixels in the cropped images are computed as follows [4] :
Acceptable groove weld profile in butt joint
Good weld
Where, h = reinforcement in mm b = width of the weld in mm t = work piece thickness
Unacceptable groove weld profile in butt joint
Excessive reinforcement weld h 1mm+0.15b, max. 7mm 
I 1 ðx; yÞ ð 1:2Þ
I 2 ðx; yÞ ð 1:3Þ
I 3 x; y ð Þ ð1:4Þ where x is the 2D feature vector, x 1 is the average grayscale value of zone 1 cropped image, x 2 is the average grayscale value of zone 2 cropped image, x 3 is the average grayscale value of zone 3 cropped image, x 4 is the average grayscale value of zone 4 cropped image, I i (x, y) is the image of the ith layer, R is the welded region, and N is the number of pixels in the welded region. The average gray values of pixels in the cropped images are calculated and tabulated. In this work, 80 welded image samples are taken into account for the classification process. Table 1 shows the average gray values of 80 samples. systems such as the brain process information. ANN has been successfully employed in similar applications to perform the classification. After feature selection, a back-propagation neural network (BPN) is employed to perform the classification [21] . A block diagram of the back-propagation neural net work is shown in Fig. 9 . The back-propagation algorithm minimizes the squares of the differences between the actual output and the desired output unit for all training pairs. The error obtained when a training pair consisting of both input and output is given to the input layer of the network is given by the equation
BPN classifier
where T pi is the ith component of the desired output and O pi is the calculated output of the ith neuron in the output layer.
The overall error of all the patterns is given by,
To obtain a gradient descent in E, the weight W has to be updated
where η is a constant real number called learning rate which determines the influence of error over weight change, ∂ pj is the error due to the pth pattern connected to the jth neuron, and O pi is the ith neuron output when pth is processed by the network.
In the gradient descent, Eq. 2.3, the error value p j can be computed as follows:
For hidden layers, In this work, a BPN classifier is used to classify the weld joints. The back-propagation algorithm was used to train the network. The network was trained by using the average gray values for four zones of images as input variables and the types of weld joint as output variables.
In order to improve the performance of the system, normalizing the data is important. It can make the neural network training more efficient due to a significant reduction of the dimensionality of the input data. Normalization is done as follows.
where x 1 is the average grayscale value of zone 1 image and x max is the maximum grayscale value of all zone images.
Input variables
The average gray values of four zones of images for four types of welded joints are used as input variables as follows.
Good weld
Excess weld Insufficient No weld Zone 1 Zone 1 Zone 1 Zone 1 Zone 2 Zone 2 Zone 2 Zone 2 Zone 3 Zone 3 Zone 3 Zone 3 Zone 4 Zone 4 Zone 4 Zone 4
Output variables
Four types of joints-good weld, excess weld, insufficient, and no weld-are used as output variables. Table 2 shows the inputs and outputs of the training samples. The training function TRAINLM is used in this network. The application of Leven berg-Marquardt to neural network training is the fastest method for training a moderate-sized feed-forward neural network. In many cases, TRAINLM is able to obtain lower mean square errors than any of the other algorithms tested. The number of iterations in this work is 5,000, the learning rate is 0.0001, the hyperbolic tangent function is an activation function, and a three-layer feedforward BPN is used. Fig. 9 Block diagram of back-propagation neural net work
Results and discussion
In this work, the 80 weld joint samples are used for training and testing, respectively. In each set, 20 images are used for each type, giving a total of 80 images for one good and three defect Table 3 shows the training and test data of the four types of weld: good, excess, insufficient, and no weld. Networks with different topologies have been tried. It is found that a 4-5-5-1 architecture offers a more accurate prediction than any other network structure. The average training error depends upon the iteration number. The performance of the trained BPN that can be reiterated using a set of unseen patterns is known as testing or validation. The second group of data obtained is used for validation. The accuracy of the BPN is determined by means of recognition rate. The recognition rate is mostly dependent on the number of hidden neurons and the learning rate used in the network. The recognition rate is defined as follows:
Recognition rate ¼ Number of unseen patterns correctly classified Total number of unseen patterns Â 100
The network was trained at 0.0001 allowable errors; it can be seen that the error coverage was 7.8222e−005. The performance of the proposed classifier has been evaluated in terms of the recognition rate and the execution time. The classification performance of an individual defect type is shown in Table 4 . For individual comparison, it was found that the accuracy varies with the type of defect. The highest accuracy is 100% for insufficient weld and the lowest is for no weld (90%). The overall accuracy is 95%. As a matter of fact, a 2D feature shows a significant difference in the comparison test. The performance of a BPN network using 80 samples is shown in Fig. 10 .
Conclusion
The technique used in this method for welding joint inspections using 2D feature extraction of images by a machine vision system has been developed and verified with real welding defects. Four zones of LEDs are used for the efficient extraction of shape information which is used to characterize weld defects, and it can be classified into one of the predefined ones based on the backpropagation neural network. The classification of real defects using this method provides the highest overall accuracy of 95%. This same method was used in single image captured by a front light illumination system and which was performed only in a 92.5% accuracy level. Thus, the proposed method overcomes the problem of inaccuracy in the images, non-uniformed illumination, noise and deficient contrast, and confusion in defects weld  20  19  1  95  5  2  Excess weld  20  19  1  95  5  3  Insufficient weld  20  20  0  100  0  4  No weld  20  18  2  90  10  Total  80  76  4 if they occur in the same spot at the surface and the subsurface in a certain level. Future work is to be extended to extract 3D features through the distribution of illuminations in different tilt angles. The estimation of tilt angle at each pixel position (x,y) gives a 3D shape information of the welded joints, and the reflected slant angle measures the angle between the x-axis and projection of the xy plane. This 3D feature extraction approach will increase the classification accuracy. It can be used in computer-aided inspection of welding defects in manufacturing systems. This vision-based inspection system could be further used for the classification of images with different joints in the welding process.
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